Introduction

57
Metabolomics approaches now enable global profiling, comparison, and discovery of 
65
Liquid chromatography coupled with electrospray ionization mass spectrometry (LCMS) 66 is one of the leading methods in metabolomics 1 . A critical measure in metabolomics 67 datasets is known as a "feature," which is a unique combination of mass-to-charge (m/z) 
78
One strategy for addressing the large search space of compound identifications is to 79 assess identifications in the context of the predicted metabolism of the organism(s)
80
being studied. Several tools do this with varying degrees of complexity, using strategies 81 that range from mapping metabolites onto reactions 15 to using reaction networks and 82 predictive pathway mapping 16 for scoring the likelihood of metabolite identities. However,
83
many metabolites cannot be included in these approaches due to two major reasons.
84
First, reaction databases 17,18 lack the majority of known secondary metabolites [19] [20] [21] [22] .
85
Second, gene annotations are incomplete or can be incorrect. Since reactions serve as 86 the pivotal connection between metabolites and genes, these two issues severely limit 87 the integration of metabolomics data with genomic data.
89
Chemical networking has emerged as a valuable approach to addressing the dearth of databases. This allows more putative metabolite identifications to be assessed using the 96 predicted metabolism of the organism(s).
98
The remaining challenge of connecting metabolites with specific gene products is that score, C, is inherited from the MS/MS scoring algorithm and is a proxy for the probability 254 that a metabolite structure is correctly assigned. In our case, it is the MIDAS score, but
255
could be any score due to the using geometric mean to calculate the MAGI score. The 256 metabolite score is set to 1 as a default.
258
If the reaction has a reference sequence associated with it, this reference sequence is 
265
BLAST results (a proxy for the probability that two gene sequences are homologs), with
266
F representing the reaction-to-gene BLAST score, and R the gene-to-reaction BLAST 267 score. The homology score is set to 1 if no sequence is matched.
269
The reciprocal agreement between both BLAST searches is also assessed, namely that when a metabolite is not in any reaction to be 0.01; is in reaction missing a 277 reference sequence to be 1.01; is in a reaction with a sequence to be 2.01.
279
A final magi-score is generated by calculating the geometric mean of the metabolite 280 score, homology score, reciprocal agreement score, and whether or not the metabolite is 
327
An example that illustrates MAGI's utility in metabolite identification is the identification of Table 5 ).
331
Mass fragmentation spectra were collected for this feature and analyzed using MIDAS 10 ,
332
a tool that scores the observed fragmentation spectrum against its database of in-silico 333 fragmentation trees for the 16 potential structures. Based only on the MIDAS metabolite 334 score, the top scoring structure was 5,6-dihydroxy-2-methylnaphthalene-1,4-dione. 
343
Metabolomics-driven gene annotations. MAGI keeps the biochemical potential of an 344 organism unconstrained by considering a plurality of probable gene product functions.
345
One effect of this is that more reactions are associated with genes than other services
346
( Figure 2A ). Because reactions are the pivotal link between metabolites and genes, this 347 allows integration of a larger fraction of a metabolomics dataset with genes.
348
Furthermore, MAGI associates many genes that are not annotated using traditional 
427
In another example where other annotation services were unable to assign any reactions 
